ABSTRACT: Safety inspection of concrete structures should be strictly carried out since it is closely related with the structural health and reliability. However, it is difficult to find cracks by a visual check for the extremely large structures. So, the development of crack detecting systems has been a significant issue. Final objective of this research is to develop an automatic crack detection system that can analyze the concrete surface and visualize the cracks efficiently. The algorithm is composed of two parts; image processing and image classification. In the first step, cracks are distinguished from background image easily using the filtering, the improved subtraction method, and the morphological operation. The particular data such as the number of pixel and the ratio of the major axis to minor axis for connected pixels area are also extracted. In the second step, the existence of cracks are identified. Backpropagation neural network is used to automate the image classification. Target data values in the training process were generated by inspector's manual classification. In order to verify the first and second step of the proposed algorithm, the algorithm was tested using real surface images of concrete bridge. Backpropagation neural network was trained using 105 images of concrete structure, and the trained network was tested for new 120 new images. The recognition rate of the crack image was 90% and non-crack image was 92%. This method is useful for non expert inspectors, enabling them to perform crack monitoring tasks effectively.
INTRODUCTION
The stability of structure is an important factor not only in the construction phase but also in the maintenance phase.
The importance of safety in facility is increased as the construction of high-rise buildings, super long span bridges, and asymmetric buildings are popular. For this reason, construction safety management system is actively under development these days. In addition, the interest in the automation of the construction management system has been increased, because the civil infrastructure under the management is large in scale, the regular evaluations are needed to guarantee the continuity in service, running cost is very expensive, and the safety of workers should be ensured. By developing an effective infrastructure lifecycle management system through automation, it is possible to secure the stability of the facility, and reduce the number of inspectors, inspection, time, and maintenance cost. Moreover, we can judge the condition of the structural health objectively by acquiring and processing the data.
Most of the infrastructures are composed of concrete. In these structures, the one of the ways in judging the structural health is to examine a crack on the surface of the structure. Since the condition of a concrete structure can be easily and directly identified by inspecting the surface crack, the crack assessment should be done on a regular basis to ensure durability and safety within its life-cycle.
So many researchers have studied the automated concrete crack detecting method. Some researchers acquired the data from structures by using CCTV, laser scanner [1] , and microwave [2] . Among them, the utilization of the image data acquisition is widely used. In this case, variety of processing methods have been proposed: image processing using edge detection technique [3] , histogram matching, image filtering and change detection [4] , and automatic thresholding valley-emphasis method-a revised version of the Otsu method for detecting small to large defects [5] .
Besides the processing the image data, it is required to distinguish defects automatically to reduce the effort of the human inspectors. Sinha et al. [6] employed classification through neuro-fuzzy network and Khanfar et al. [2] detected the concrete structure defects through fuzzy logic techniques. In addition to this method, neural network and genetic algorithm have been used. In many papers, the inspection methods vary widely from data acquisition to classification and these show that diversity of algorithms can be realized. This fact implies that the construction environment is very varied. But the proposed methods on the aforementioned papers have limits in environmental condition. For example, the environment for sewer pipe [1, 4] inspection is not severely affected by weather condition.
So it is difficult to apply the inspection algorithm to the structures that are exposed to various weather conditions. 
Color to Gray level transformation
This step converts the true-color image RGB to the graylevel intensity image by eliminating the hue and saturation information while retaining the luminance [7] . In this process, the amount of image data decreases. For example, the RGB color pixel having a depth of 24 bit 
Improved Subtraction Processing
Gray-level image obtained by section 2.1 is processed with improved subtraction processing. Subtraction processing [8] generally removes the slight variation like shadings or irregularly illuminated condition. It is used in the processing of the noisy concrete surface for crack visualization. Fig. 3 shows a removal of serious variations like shading. First, a smoothed image is generated by applying a median filter on a gray-level image. Then the gray-level image is subtracted from the smoothed image.
The subtracted image is obtained by the following equation [8] .
where I(x i ) means the intensity of the pixel x i , and R i means the neighborhood of the pixel x i [8] . When the result of the subtraction is negative number, the result is represented with 0. Fig. 3 Crack visualization by subtraction processing [8] A subtracted result image could be a crack or a noisy concrete surface. In the subtraction processing, cracks can be easily identified since those will have more higher luminance than noises as shown in Fig. 3 . Here, it is required to remove the noises in the original subtraction method as much as possible since it is undesirable in the next labeling processing. The labeling process will group the connected pixels into objects to identify the crack object. However, noises are also classified into objects since they are connected pixels. So this paper proposes the improved subtraction method that can precisely eliminate noises from noisy-concrete surface image. In the improved subtraction method, crack parts are highlighted by multiplying the result of the original subtraction method by some constant value in case that the result is greater than some threshold. When this thresholding is applied to the improved subtraction method, cracks can be detected effectively. The process is represented by the following equation.
where I IS (x,y) is the result of the improved subtraction 
Gaussian Low-pass Filter
Basically gaussian low-pass filtering smooths images.
The aim of adopting this filter is to connect the small gap of the crack line. It can also adjust the distortion of the crack shape. In this process, spatial filtering that is also called as neighborhood processing [9] , performs the operation with neighborhood around the center point (x, y).
This process can be represented by the following equation
and it repeats for all points )] ,
where
is the processed image, and T is an operator on o defined over some neighborhood of (x, y). Spatial filter is can be classified into linear and nonlinear spatial filtering. In this step, the gaussian type of liner spatial filtering is used.
Creation of binary image by thresholding
Thresholding is the simple and intuitive method in image 
where r(x, y) is thresholded image, o(x, y) is gray level image. Both cracks and non-negligible noises can be assigned to the value 1. In our process, threshold value can be determined by one of the methods among basic global thresholding, otsu method, and valley-emphasis method.
Morphological Image Processing
Morphological image processing can be used to extract image components such as the shape of cracks [9] . There are dilation, erosion, opening, closing, labeling, and so on in morphological operation. In the proposed algorithm, closing and labeling are used.
(1) Closing
Closing is generally used to connect narrow breaks and long thin gulfs, eliminate small holes, and fill gaps in the crack.
(2) Labeling
In this step, neighboring connected components are recognized as a single object and all the points in the single object are labeled with the same number as shown in Fig. 4 .
That is to say, each object will have its own label number and it is composed of connected pixels. Here, an object could be a crack object or a noise object. However, two kinds of objects will have a distinction in the area and the ratio of the major to minor axis for the area. When all steps of the image processing are completed, crack objects can be distinguished from a background easily. In addition, the area (total number of pixels) and the ratio of the major axis to minor axis for connected pixels area can be calculated from objects of image. By minimizing the number and the area of the noise objects, we can also optimally tune the parameters that are required in the process of section 2. When the object has the many pixels and the greater ratio of the major axis to minor axis, there is a strong possibility that it is a crack object.
PARAMETERS OPTIMIZATION
The image processing step in section NN is trained by adjusting the weighting factors. As training is processed, output value approached to desired value. After 10000 epochs learning, RMS error is converged into 0.00036 as shown in Fig. 7 . Table 2 . In this training stage, we need to set the reference output whether the corresponding image contains crack or not. In the image processing step, the required parameters are optimally selected by Taguchi method, and they are
in Table 1 Table 2 . Experiments result
CONCLUSIONS AND FUTURE WORK
In order to evaluate the safety of a concrete structure, a method to detect cracks from camera image was proposed. 
